I INTRODUCTION
For our aging society, dependable methods to improve service quality for the elderly is a pressing need [1] [2] . Among these methods, intelligent robots are believed to be able to function in a human-like way and provide kinds of services for people [3] [4] [5] . More concretely, mobile service robots are installed in home care environments, endowed with capabilities of a large variety of manipulative or collective tasks [6] [7] , for example, delivering messages, fetching objects, cleaning rooms, opening doors and so on. Such robots must navigate in dynamic indoor environment with coexisting human as well as interact with objects (e.g., doors, drawers). A major problem to reliable localization of robot and estimating the states of co-existing people and non-static objects is the uncertainty of robot's pose and the ubiquitous sensor noises.
Over the last decade, probabilistic methods have been widely employed in the field of mobile robot localization and navigation. In special situations that robots need to interact with environment, probabilistic methods [9] are of significant importance to deal with the problem of non-static states of environment (including moving people and objects). For example, Limketkai and Biswas [8] et al. use an off-line EM algorithm to differentiate between static and non-static parts of an environment. Hahnel [10] use outlier rejection pre-processing to eliminate the effect caused by moving people. Other researches involve simultaneous mapping of obstacles and moving objects in the SLAM (Simultaneous robot Localization and Mapping) framework. Wang [11] proposes a framework for simultaneous localization, mapping and moving object tracking (SLAMMOT) for outdoor vehicles in crowed urban areas. Stachniss and Burgard [12] maintain clusters of local grid maps corresponding to different observed configurations of the environment.
Mobile manipulation tasks require joint estimation of robot's pose and the states of dynamic objects (and people). For example, in the context of robot taking an elevator or opening a door, robot needs to estimate the state of the door during its navigation for possibly manipulating the doorknob or handler. For another example, when a robot navigates with people, it must estimate the position of people nearby to get prepared for predictive avoidance. In both situations, robot must always precisely locate itself, which is a perquisite of accurate and safe navigation. For joint estimation in the Bayes filtering framework, Rao-Blackwellized particle filters (RBPFs) [13] [19] provide notable insights into joint estimation tasks such as visual object tracking [14] , SLAM [15] and multiple-model tracking [17] [18] . In the SLAM cases, RBPFs decompose the joint estimation into two steps as localization with Particle Filter (PF) and mapping with known pose using Kalman Filter (KF) [15] or Unscented Kalman Filter [16] . In [17] , the unobstructed motion of a ball is tracked by sampling its motion models resulting from its interactions with the environment.
In this paper, a probabilistic approach to state estimation for simultaneous manipulation and global navigation is proposed. It allows robots to perform many mobile manipulation tasks. The joint estimation algorithm borrow many ideas from SLAM [15] and SLAP [22] research. However, this paper is different from related work [23] in that we extend to consider the localization of both people and non-static objects in a dynamic Monte Carlo Localization framework.
The organization of the lecture is as follows. Section II describes the probabilistic model of robot observation as well as object motion. Section III introduces the proposed joint estimation algorithm based on RBPF. In Section IV, experimental results are given, which illustrates the effectiveness of the proposed method in service robot application.
II Probabilistic Model and Notation

Representation of States and Environment
We consider sensors based algorithm to determine the pose of robot and the states of dynamic objects (e.g., people and doors) in indoor environments. The position of people are assumed unknown, but the doors are restricted with known positions and unknown states. For example, the shape of a door is governed by a state parameter  that denotes the angle at which the door is open.
At each time step t , the problem of joint state estimation is to recursively evaluate the joint maximum a posterior (MAP) distribution, from a Bayesian perspective: The environment is presented by an occupancy grid map, following the experience in mobile robot navigation practice. In the occupancy grid map, information about static objects and obstacles in typical office environments such as walls, tables, cabinets are mapped and stored at a resolution of 10cm  10cm. However, moving objects (e.g., doors and people) are partial unknown and their states are to be estimated in the joint localization procedure. In the presented paper, we use models comprising polygonal objects ("polygon model") to represent these objects and circular objects ("circle model") to represent people.
Measurement model
The grids are usually only partially occupied, and thus there is a probability of the laser entirely passing through it. With regard to this, each grid cell is associated with a probability that a laser terminates within it. We assume that the i th robot pose particle is sampled, and thus the laser measurement model with respect to the i th particle is computed as follow.
By comparing the actual laser observation is computed in which each point is assigned with a probability that is in inverse ratio with its Euclidean distance to the closest object, be it a hypothesized person or a occupied map cell.
To calculate ang th laser point (after being transformed to the x-y coordinate frame) and the nearest obstacle in the local grid map obtained by the laser ray-tracing. Obstacle candidates can be either mapped objects or person hypothesis. For an entire laser scan, the probability
amounts to Equation (5) under an independent assumption among the readings of each laser beam ( ) 
Grid cell
Grid cell [25] is adopted that models a human leg approximately by cylindrical in laser scans, as shown in Figure 1 .
Moreover, a door frame detection technique similar to Chen's method [20] [21] is employed which combines visual and range information. In detail, the visual method utilizes robot onboard camera to capture and perceive image data and extract visual cues including intensity edges along the sides (posts) and top (lintel) of the door. When the visual channel reports a valid door detection result (as shown in Figure 2) , the laser based observation method mentioned above begins to function in the object(door) state estimation procedure, as will be explained in the following section, which will estimate the angle at which the door is open (illustrated by Figure 3 ). According to the Rao-Blackwell theorem, instead of sampling full distributions, RaoBlackwellized particle filters evaluate one part of the filtering equation analytically and the other part by Monte Carlo sampling. Such marginalization replaces the finite Monte Carlo particle set representation with an infinite closed form particle set, which is always more accurate than any finite set.
With an assumption of independent and non-linear movements of people and robots, the RBPF algorithm for SLAP is established on the following factorization of the joint posterior in 
Since people positions and object states are independent, the above equation can be rewritten as: 
Then the samples of people positions and object states are estimated, respectively:
To compute (5) and (6) 
The second line of (7) restricts the proposal distribution q to a recursive form according to [13] and the third line replaces q by the motion model Thirdly, the improved re-sampling method involves an adaptive re-sampling step to reduce the number of samples to be re-sampled and an Evolution Strategy (ES) based re-sampling step to optimize the distribution [22] . The advantage of the new re-sampling method is that it guarantees the propagation of robot samples to approximate the true distribution of the robot's probabilistic density function (PDF), as well as maintains high computational efficiency. Thus the robustness of the robot localization against dynamic disturbances and environmental cluttering is significantly improved.
Finally, conditioned on each robot sample 
Equation (9) gives the recursive computation relation of the object dynamics. In the EKF is already approximated as a Gaussian by a RaoBlackwellized particle from the previous filtering timestep, the mean and variance of ,t S  can be easily computed in closed form using a linear-Gaussian motion model. Similarly, the dynamic model of people is chosen as Langevin process, which can be used in Equation (8) for estimating the mean and variance of people position.
IV Experiment Results
We apply our method to service robots designed for home care applications. An office environment is designed as a test-bed environment to perform home-care services for the elderly and disabled. An ActivMedia Pioneer 3-DX/Peoplebot robot (as shown in Figure 5 
